Deep-learning prediction of progression-free survival to EGFR inhibitors from

H&E tissue slides in advanced EGFR-mutated non-small cell lung cancer
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Background

Third-generation tyrosine kinase inhibitors (TKIls) like osimertinib are standard
treatments for advanced, previously untreated non-small cell lung cancer (NSCLC)
with common EGFR mutations (exon 19 deletion/L858R). Combination with
chemotherapy, bispecific antibodies or anti-angiogenic agents prolongs survival
but raises toxicity. To date, no biomarker identifies patients benefiting from
combinations versus osimertinib alone.

To develop and validate a multiple instance learning (MIL) model to predict
progression-free survival (PFS) under EGFR-TKIs in patients with advanced NSCLC
and EGFR common mutations, using digitized H&E tissue slides and accounting for
the type of administered EGFR-TKI.

This is a multi-center, retrospective study including patients with advanced
EGFR-mutated NSCLC, treated with first-line TKIls, either osimertinib or
first-generation inhibitors (erlotinib/gefitinib). Three independent cohorts were
collected from Gustave Roussy (Villejuif, France), Campus Bio-medico (Rome, Italy)
and the University Hospital of Udine (Udine, Italy). The model was trained on the
Gustave Roussy cohort, while the Campus Bio-Medico and Udine cohorts were
reserved for independent external validation.
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Whole-slide digitization (MPP ~0.5) of diagnostic H&E-slides (lung samples) obtained <= 60 days prior to the start of
first line treatment, conducted locally at each institution using different scanners.

Training step 1: Weakly supervised MIL model Weldon [2].

Training step 2: Fusion = logit + A, where the correction term A is generated by a single fully connected layer taking
as input the logit and a binary variable capturing the type of administered EGFR-TKI.

Predictive Performance

The Gustave Roussy training cohort consists of 309 WSIs from 81 patients, while the external validation cohorts from
Campus Bio-medico and Udine consists of one WSI from each of 37 and 27 included patients, respectively. Eight
cytology samples were dropped from the Udine cohort, leaving only 19 patients for analysis.

Across the three cohorts (Gustave Roussy, Campus Bio-medico, Udine), patients were mostly female (65%, 62%, 74%)
with no smoking habit (62%, 57%, 53%), had adenocarcinoma (93%, 95%, 100%) harboring exon 19 deletions (56%, 54%,
58%). The median (IQR) age at diagnosis was 65 (56-74), 71 (62-79), 68 (60-76) years.
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We defined high-, intermediate-, and low-risk patients by splitting at the first and third quartiles of the predicted score per cohort.
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Interpretability

From each validation set, five WSIs with longest and shortest
predicted PFS were selected for manual inspection. Their top- and
bottom-ranked tiles were reviewed to assess whether the model
focuses on meaningful regions and captures biologically relevant
patterns. Examples of such extreme tiles are shown below.
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Top-ranked tiles (low risk)
predominantly captures tumoral regions with acinar architecture,
intermediate  (G2) cytological grading, and a fibrosis-rich
microenvironment. The bottom-ranked tiles often focus on less
informative areas or, more rarely, on hyperchromatic nuclei.
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For short PFS prediction (high risk) WSlIs, the top-ranked tiles show
tumoral cells with different grade of pleomorphism and architectures.
The bottom-ranked tiles often display necrotic foci.

We developed a deep learning model to predict PFS to EGFR-TKI from diagnostic H&E slides. The References
model was trained and externally validated on histological lung specimens, with promising

discriminative performance. Calibration remains to be refined in larger cohorts. Further validation
is ongoing using samples from the EORTC Lung Cancer Group-1613 phase Il randomized trial, [2] T. Durand et al., ” WELDON: Weakly Supervised Learning

including patients treated with first-line osimertinib or gefitinib.

[1] A. Filiot et al., “Distilling foundation models for robust
and efficient models in digital pathology,” MICCAI 2025.

of Deep Convolutional Neural Networks,” CVPR 2016.




